Introduction
The machining process exhibits piecewise behaviour and cannot be linearly extrapolated in a wide range. It cannot be modelled effectively using theories and equations. Thus, expert systems have emerged as a major tool for decision-making in such complicated situations (Singh & Raman, 1992) . The conventional method for selecting machining parameters such as cutting speed and feed r a t e is ba sed on da t a fr om ma chining hand books and/ or on the experience and knowledge of the operator or CNC programmer. The parameters chosen in most cases are extremely conservative to protect over-matching errors from tool failures such as deflection, wear, breakage, etc. Accordingly, the metal removal rate is low due to the use of such conservative machining parameters (Park & Kim, 1998) . Guidelines on machinability data selection is normally made on the basis of the manufacturer's machinability hand book (Hashmi et al., 2003) . Using machining data handbook for the choice of cutting conditions for material hardness that lies in the middle of a group is simple and straight forward. But there exists a degree of vagueness in boundary cases, where two choices of cutting speeds are applicable for one choice of material hardness. In this situation, the skilled operator makes a decision on the appropriate cutting speed, based on his experience. However, this met h od of da t a s elect ion by in dividua l operators is not very desirable, because it may vary from operator to operator. Therefore, it is desirable to have an operator independent data selection system for choosing machining operation (Hashmi et al., 1998) . While the output variables of the machining process depend on the cutting conditions, the decision concerning the selection of the cutting parameters have an important influence on the extent, cost and quality of the production. Due to the increased use of CNC machines and severe competition between the makers, the importance of precise optimization cutting conditions has increased (Cus & Zuperl, 2006) .
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Fuzzy logic can be applied to any process in which a human being plays an important role which depends on his subjective assessment (EL Baradie, 1997) . For the selection of machining parameters different methods have been proposed. Hashmi et al. (1998 Hashmi et al. ( , 1999 applied fuzzy logic with triangular shape for selecting cutting conditions in machining operations using single input (material hardness) and single output (cutting speed) model. El Baradie (1997) presented the development of a fuzzy logic model for machining data selection using material hardness (input) and cutting speed (output) with triangular shape. A study was made by Wong et al (1999) to obtain a generalized model for metal cutting data selection. Wong and Hamouda (2003a) developed an online knowledgebased expert system for machinability data selection using two input-one output model for cutting speed and one input-one output model for feed rate. Cus and Zuperl (2006) proposed a neural network approach for the optimization of cutting conditions. Neural networks were used by Wong and Hamouda (2003b) in the representation of machinability data to predict optimum machining parameters. Zuperl and Cus (2003) proposed a neural based approach to optimization of cutting parameters to represent the manufacturer's preference structure. Lee and Tarng (2000) used a polynomial network to construct the relationship between the machining parameters and cutting performance. An optimization algorithm of sequential quadratic programming method was used to solve the optimal machining parameters. A gradient based multi criteria decision making approach was applied by Malakooti and Deviprasad (1989) to aid the decision-maker in setting up machining parameters in metal cutting. The optimal machining parameters for continuous profile machining for turning cylindrical stock were determined by Saravanan et al. (2003) using simulated annealing and genetic algorithm. Vitanov et al. (1995) introduced a knowledge-based interactive approach for optimum machining parameter selection in metal cutting using multi-objective probabilistic geometric programming and artificial techniques. The machining parameters were optimized based on the Taguchi method in a proposed model by Nian et al. (1999) considering the multiple performance characteristics including tool life, cutting force and surface finish. The fuzzy logic approach is used in different applications. For example, Hashmi et al. (2000) have used the fuzzy logic model to select drilling speeds for different materials in a drilling operation. A fuzzy logic based expert system was developed by Liu at el. (1996) for diagnosing defects in rolling element bearing and offering instructions and guidelines for the detection of these defects. A user friendly fuzzy-expert system was introduced by Yilmaz et al. (2006) for the selection of electro discharge machining process parameters using triangular membership function and expert rules. Arghavani et al. (2001) presented the application of a fuzzy decision support system by applying fuzzy logic theory for gasket selection and gasket sealing performance. Researchers have applied ANN methods in a wide variety of fields, ranging from science to business and engineering (Ghiassi & Saidene, 2005) . Neural networks have the potential to provide some of the human characteristics of problem solving that are difficult to simulate using the logical, analytical techniques of expert system and standard software technologies. The immediate practical implication of neural computing is its emergence as an alternative or supplement to conventional computing systems and AI techniques. As an alternative, neural computing can offer the advantage of execution speed once the network has been www.intechopen.com trained. The ability to train the system with data sets, rather than having to write programs, may be more cost effective (Medsker, 1996) . In this chapter the performance of Speed-Feed Fuzzy (SFF) intelligent system is compared with Artificial Neural Networks in finding the selection of machining parameters which can result in a longer tool life, a lower cutting force and better surface finish. The proposed system is expected to contribute in the selection of optimal parameters that will assist process planners, CNC programmers, production engineers and machinists with easy access to data necessary for effective machining process.
Fuzzy model for machinability data selection

Fuzzy logic concept
The fuzzy logic first proposed at 1965 by Lotfi Zadeh ( Zadeh, 1965) . The fuzzy set theory provides means for representing uncertanity. It is used to model the kind of uncertainity associated with imprecision. It offers the concept to compute a model with words using human expertise used in daily language. The fuzzy set theory provides a mechanism to represent linguistic constructions. The fuzzy inference engine build on a set of rules, so, it is called fuzzy-rule based system. These rules are supplied by an expert or a decsion-maker to formulate the mapping of the system which can perform approximate reasoning similar to but much more primal than that of the human brain (Sivanandam, 2007) .
Fuzziness and fuzzification
In a fuzzy set, the fuzziness is characterized by its membership function. It classifies the element in the set, whether it is discrete or continuous. The membership functions can also be formed by graphical representations. The fuzzification procedure is used to control the fuzziness of the fuzzy set and it is an important concept in the fuzzy logic theory where the crisp quantities are converted to fuzzy quantities (Arghavani et al., 2001; Sivanandam et al., 2007) .
Membership functions for fuzzy variables
The SFF model use multi input-multi output fuzzy variables for the selection of machining parameters (Fig. 1) . The multi inputs are material hardness (BHN) and depth of cut (DOC) and the multi outputs are cutting speed and feed rate. The fuzzy expressions for the inputs and outputs are shown in Table 1 . The model is applied for turning operation for wrought carbon steels using different types of tools. The extracted data from Machining Data Handbook (Metcut Research Associates Inc., 1980) are tabulated as shown in Table 2 . Different applications of the fuzzy control technique use a specific shape of the fuzzy set. There is no standard method of choosing the proper shape of the fuzzy sets of the control variables. Trial and error methods are usually exercised (Hashmi et al., 2003) . In this model an equal sided triangular shape membership function is selected for both inputs BHN and DOC and for the cutting speed as shown in Figures 2-5. As for the feed rate, an unequal sided triangular shape (Figures 6 -8) was chosen because of the variation of the feed rate for different values of depth of cut (1-8) mm and 16 mm with their corresponding hardness 85-175 and 175-275 respectively, for the types of cutting tools listed in Table 2 . 
Very fast (VFA) Table 2 . Machining parameters for workpiece-tool combination, turning process. 
Fuzzy rules
The point of fuzzy logic is to map an input space to an output space and the primary mechanism for doing this is a set of IF-THEN rules with the application of fuzzy operator AND or OR. These if-then rules are used to formulate the conditional statements that comprise fuzzy logic. By using the rules, then the fuzzy inference system (FIS) formulates the mapping form. Mamdani's fuzzy inference system, which is used in this work, is the most commonly seen fuzzy methodology (The MathWorks, Inc., 2009). The relationship between the input variables and output variables is characterized by if-then rules defined based on experimental, expert and engineering knowledge (Yilmaz et al., 2006) . The two common methods for the FIS engine are Max-Min method and Max-Product method. The difference between them is the aggregation of the rules. The first use truncation and the last use multiplication of the output fuzzy set. Both methods are tested and the Max-Min method gives more accurate results, therefore, it is used in all calculations in the fuzzy system. In this study, there are two input variables hardness and depth of cut each of six fuzzy sets, and then the fuzzy system of a minimum of 6 x 6 = 36 rules can be defined. Table 3 shows a part of the rules in linguistic form. By using these rules the input-output variables in a network representation can be drawn as in Figs. 9 and 10.
Rule 1: IF hardness is very soft AND depth of cut is very shallow THEN speed is very high and feed is very slow.
Rule 2: IF hardness is very soft AND depth of cut is shallow THEN speed is very high and feed is slow.
Rule 3: IF hardness is very soft AND depth of cut is medium THEN speed is medium high and feed is medium. 
Defuzzification
Defuzzification is the process of converting the fuzzy quantities to crisp quantities. There are several methods used for defuzzifying the fuzzy output functions: the centroid method, the centre of sums, the centre of largest area, the max-membership function, the mean-max membership function, the weighted average method, and the first of maxima or the last of maxima. The selected defuzzification method is significantly affecting the accuracy and speed of the fuzzy algorithm. The centroid method provides more linear results by taking the union of the output of each fuzzy rule (Arghavani et al., 2001; Sivanandam et al., 2007) and this method is adopted in this study.
Artificial Neural Network (ANN) model
Neural networks attempt to model human intuition by simulating the physical process upon which intuition is based, that is, by simulating the process of adaptive biological learning. It learns through experience, and is able to continue learning as the problem environment changes (Kim & Park, 1997) . A typical ANN is comprised of several layers of interconnected neurons, each of which is connected to other neurons in the ensuing layer. Data is presented to the neural network via an input layer, while an output layer holds the response of the network to the input. One or more hidden layers may exist between the input layer and the output layer. All hidden and output neurons process their inputs by multiplying each input by its weight, summing the product, and then processing the sum using a non-linear transfer function to generate a result (Chau, 2006) . The most commonly used approach to ANN learning is the feed-forward back propagation algorithm. The parameters of the model such as the choice of input nodes, number of hidden layers, number of hidden nodes (in each hidden layer), and the form of transfer functions, are problem dependent and often require trial and error to find the best model for a particular application (Ghiassi & Saidene, 2005) . There is no exact rule to decide the number of the hidden layers. There are four methods of selecting the number of hidden nodes (NHN) (Kuo et al., 2002; Yazgan et al., 2009 ). The four methods are dependent on: the number of input nodes (IN), the number of output nodes (ON), and the number of samples (SN):
The ANN in this study (Fig.11 ) uses feed-forward back-propagation algorithm. It is composed of two neurons for the two inputs material hardness and depth of cut. The outputs from the neural network are speed and feed; therefore two output neurons are required. 
Results and discussion
Both SFF-ANN are used to predict optimum machining parameters using data extracted from the Machining Data Handbook (MDH) ( Table 2) . A user-friendly viewer of the SFF model is shown in Fig. 12 enabling an easy and time saving way for operator for interring the inputs and getting the outputs. The absolute error percentage is calculated for each value and the mean absolute error percentages are obtained for the 36 samples. The mean error percentage is almost 7% for speed and 4% for feed when using high speed steel tool and for carbide tool is almost 8% for speed and 7% for feed (Table 6 ). In order to get better results, the density of the selected samples can be increased. The ANN model is composed of two input neurons, material hardness and depth of cut, and two output neurons speed and feed. The values of inputs and outputs are not of the same scale. So, all data are normalized. Tables 7 and 8 contain a set of 18 training and 18 testing samples in normalized form for HSS tool and Carbide tool respectively. Table 8 . Training-testing data for carbide tool
The first half of the data in each table is used for training the network with different number of hidden nodes: two, four, and eight, extracted using the equations (1-4). The models are trained with different training parameters and different activation functions as shown in Tables 9 and 10 . The mean square error (MSE) value is used as the stop criteria. Table 10 . ANN model parameters for carbide tool.
The trained neural network was tested based on the second half of the input-output samples in Tables 7 and 8 . The performance of the best training processes is shown in Fig.17 . Fig.18 shows the architecture of the best feed forward neural network (2-8-2) model. Table 13 . Training-testing data from MDH for high speed steel tool
The performance of the SFF is compared with ANN and MDH using high speed steel tool as a demonstration example (Table 13 ). The performance of the best training process using network architecture 2-8-2 with 950 epochs is shown in Fig. 19 where the value is 3.92694e-007. Fig. 19 . Performance curve for best tested ANN model
The output from the simulated network using test data set (19-36) from Table 13 
Conclusion
In this study, a fuzzy logic using expert rules and ANN model are used to predict machining parameters. The fuzzy inference engine used in the model has successfully formulated the input-output mapping enabling an easy and effective approach for selecting optimal machining parameters. ANN was also found to be accurate in predicting the optimal parameters. B o t h a p p r o a c h e s c a n b e e a s i l y e x p a n d e d t o h a n d l e m o r e t o o l -w o r k p i e c e m a t e r i a l s combinations and it is not limited to turning process only and can be used for other machining processes like: milling, drilling, grinding, etc.
However the SFF is more user-friendly and compatible with the automation concept of a flexible and computer integrated manufacturing systems. It allows the operator, even unskilled to find the optimal machining parameters for an efficient machining process that can lead to an improvement of product quality, increase production rates and thus reducing product cost and total manufacturing costs.
